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Abstract

This paper proposes a novel online audio-visual speaker extrac-
tion model. In the streaming regime, most studies optimize the
audio network only, leaving the visual frontend less explored.
We first propose a lightweight visual frontend based on depth-
wise separable convolution. Then, we propose a lightweight
autoregressive acoustic encoder to serve as the second cue, to
actively explore the information in the separated speech signal
from past steps. Scenario-wise, for the first time, we study how
the algorithm performs when there is a change in focus of at-
tention, i.e., the target speaker. Experimental results on LRS3
datasets show that our visual frontend performs comparably to
the previous state-of-the-art on both SkiM and ConvTasNet au-
dio backbones with only 0.1 million network parameters and
2.1 MAGC:s per second of processing. The autoregressive acous-
tic encoder provides an additional 0.9 dB gain in terms of SI-
SNRi, and its momentum is robust against the change in atten-
tion.

Index Terms: Cocktail party problem, real-time, speaker ex-
traction, visual frontend, autoregressive

1. Introduction

Real-world speech signals are often mixed with interfering
speech and noise signals. Human brains excel at focusing on an
interested speech signal, i.e., target speech, while filtering out
the rest, known as auditory attention [1]. Equipping machines
with such auditory selective attention is crucial for speech ap-
plications such as automatic speech recognition [2].

Speech separation algorithms separate a multi-talker speech
signal into individual streams by speakers [3—7]. However, the
separated speech signals are not associated with specific speaker
identities. In contrast, speaker extraction research exhibits the
attention to disentangle only a target speaker’s speech signal
from the multi-talker speech signal, with the attention driven by
an auxiliary conditioning signal. The auxiliary signal could be a
pre-recorded speech signal for the network to attend to a speech
that has a similar voice signature [8—10], or a face recording for
the network to attend to the synchronized speech [11-15], or
even the brain signal for the network to attend to the speech that
the brain is trying to listen [16—18].

This research focuses on audio-visual speaker extraction
(AVSE) in online scenarios, addressing the need for streaming
on-device AVSE algorithms in applications like video confer-
encing and human-robot interactions, such as in-car or service
robot communication. Due to device constraints, on-device
models usually favor fewer network parameters and multiply-
accumulate (MAC) operations, to accelerate the processing,
which also enhances the real-time factor. While most exist-
ing research emphasizes optimizing the audio component of

the network [19-23], limited studies have focused on improv-
ing the visual counterpart. The visual encoder is still pre-
dominantly based on ResNetl8 [23, 24], with recent explo-
rations into ShuffleNet-based networks [25]. In this work, in-
spired by the effectiveness of the BlazeFace face detection net-
work [26] and depth-wise separable convolution [27], we pro-
pose a lightweight visual encoder that reduces feature dimen-
sion size while incorporating deeper depth-wise separable con-
volutional layers to encode lip motion more efficiently.

We also aim to enhance the audio components of online
AVSE. During real-time inference, while the network processes
newly acquired frames of a mixture signal, it also has access to
the separated speech signals from previous frames. This avail-
ability makes autoregressive networks well-suited to leveraging
this past information. In the literature, the streaming Neuro-
Heed model, which conditions on brain signals, encodes the
separated signals into a single speaker embedding vector us-
ing a speaker encoder and repeatedly fuses it with every speech
frame in its sliding window-based decoding process [17]. The
PARIS speech separation research also explored incorporating
past separated speech frames into the mixture signal inputs to
utilize historical information in frame-level decoding [28]. In
this work, we adopt frame-level decoding like PARIS, which is
better suited for online decoding with improved real-time per-
formance, differently, we propose encoding the past extracted
signals with a lightweight acoustic encoder, to generate distinct
acoustic embeddings at the frame level for the speaker extrac-
tor, which serves as a secondary conditioning signal alongside
the visual cue.

Another common scenario in real-world deployments of
streaming AVSE models is the changing focus between active
speakers, such as in multi-party meetings and conversations.
The network must adjust its attention dynamically to extract the
correct speech signal. Previous works assume the identity of the
target speaker is consistent. In this work, we explore the chang-
ing target scenario for the first time, demonstrating that visual-
conditioned speaker extraction models exhibit robust perfor-
mance when faced with such changes in attention, which is
crucial for real-world applications. Furthermore, our proposed
acoustic encoder, which encodes past information into frame-
level conditioning embeddings, shows robustness in adapting to
changes in attention. This contrasts with the NeuroHeed model,
where aggregating all information into a single speaker embed-
ding may create momentum that hinders the network’s ability
to adjust focus quickly.

The contributions of this work for online AVSE studies
are threefold: 1) We propose a lightweight visual encoder for
AVSE, which, with only 0.1 million parameters and 2.1 MACs
per second of processing, performs comparably to the previ-
ous state-of-the-art visual encoders on both SkiM and ConvTas-

10.21437/Interspeech.2025-43



Net audio backbones. 2) We introduce an autoregressive acous-
tic encoder for streaming AVSE, which provides an additional
0.9 dB gain in SI-SNRi on the Lip Reading Series 3 (LRS3)
dataset [29]. 3) We conduct the first study on the switching
attention scenario, demonstrating that our proposed model is
robust in such contexts.

2. Proposed network

Let z(7) be a multi-talker mixture speech signal', consisting
of the target speech signal s(7) and interference speech signal
b(7), the AVSE network f(-) estimates the target speech signal
3(7) to approximate s(7), conditioned on the visual recording
of the target speaker v(t):

8(1) = f(=z(7), v(t)) (1

In this work, we additionally study the changing target sce-
nario, meaning that the identity of v(¢) and s(7) may change in
a processing clip. For simplicity, we maintain the same repre-
sentation of v(¢) in this changing target scenario.

2.1. Architecture

Our proposed online audio-visual autoregressive speaker ex-
traction network is illustrated in Fig. 1. It comprises two iden-
tical non-shared-weight speech encoders, a speaker extractor, a
speech decoder, a novel visual encoder, and a novel autoregres-
sive acoustic encoder.

For speech encoder and decoder, we follow the masking-
based time-domain approach [4,7,21]. The speech encoder in-
cludes a 1-dimensional (1D) convolution C'onv1D and a recti-
fied linear activation. The speech decoder consists of a linear
layer and an overlap-and-add operation. The channel, kernel,
and stride sizes are set to 128, 16, and 8 ,respectively.

For the speaker extractor, we adopt the online skipping
memory long short-term memory network (SkiM), which is
known for its low latency and excellent performance for online
speech separation [21]. We set the number of output streams to
one to suit the speaker extraction task. We set the long short-
term memory (LSTM) unit size to 384, the number of layers to
3, and the non-overlapping segment size to 50.

Our proposed lightweight visual encoder, named
BlazeNet64, is shown in the top section of Fig. 1, it en-
codes the lip image sequence v(t) to visual cue, which is
used as an attention attractor to extract the target speech. The
architecture is motivated by the effectiveness of the BlazeFace
face detection network [26] and depth-wise separable convo-
lution [27]. wv(t) is first processed by a causal 3-dimensional
convolution Conv3D. The rest of the layers in the visual
encoder are depth-wise separable 2-dimensional convolutions
applied to each image independently. Compared to the widely
used ResNetl8-based visual encoder, which was originally
designed for lip reading [30], our visual encoder is narrower but
deeper, and much more light-weighted. We do not pre-train this
visual encoder, so we do not use adapter layers after the visual
encoder as in [13,31]. To align with the audio embeddings,
the visual embeddings V' (t) are temporally repeated to account
for frame rate differences before concatenation with the audio
embeddings at the beginning of the speaker extractor.

Our proposed lightweight autoregressive acoustic encoder
leverages extracted clean speech samples from past frames to

'Variables with 7 denote speech signals in the time domain, while
variables with ¢ denote frame-based embeddings.
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Fig. 1: Our proposed online audio-visual autoregressive

speaker extraction network. The middle section introduces the
network components and data flow, the top section showcases
our proposed lightweight visual encoder, and the bottom sec-
tion depicts our proposed lightweight autoregressive acoustic
encoder. Each colored layer’s parameters are specified in terms
of kernel size, layer type, output channel size, and stride.

maintain temporal attention momentum during online process-
ing, shown in the bottom section of Fig. 1. The extracted speech
samples from the past frames will first pass through a speech
encoder, and then through a series of 1D-convolutional layers
before being summarized by a single LSTM layer. The output
A(t) is also concatenated with the audio embeddings at the start
of the speaker extractor.

2.2. Training strategy and loss function

The network is non-autoregressive if the acoustic encoder is
dropped from Fig. 1, in this case, the negative scale-invariant
signal-to-noise ratio (SI-SNR) [32] is adopted as the loss func-
tion for training:

<§,s2>s|
Lsrsnr(s, 8) = —201log,, E ol
5—

<3,5>
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When our proposed acoustic encoder is integrated into
the overall network, the network operates in an autoregres-
sive mode. In this case, we adopt the Pseudo-AutoRegresslve
Siamese Training (PARIS) strategy [28], which involves two
forward passes for each batch during training. The first pass
forward the network without the acoustic encoder (with A(t)
being set to zero embeddings as a placeholder). The second
pass performs a full forward pass with the input of the acoustic
encoder being the output of the first pass which is used as the
“pseudo past extracted speech”.

The PARIS paper suggested using the scale-sensitive
signal-to-noise ratio (SNR) rather than the widely used SI-SNR
as the loss function for training, to normalize network output
for feedback in step-by-step streaming settings. However, net-
works trained with the SNR loss function typically do not per-
form as well as those trained with the SI-SNR loss function.
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Therefore, in this work, we pair SI-SNR with a scale-variant
frequency domain loss [33], specifically the frequency-domain
multi-resolution delta spectrum loss Lreq [33], as the loss func-
tion. The loss functions for the fist pass £, and the second pass
Lo are defined as:

L1 = Lsisnr(s, §1) + 0.25 % Lreq (s, §1) 3)

Lo = Lsisnr(s, §2) + 0.75 % Lreq (s, '§2) 4

where 5" and §? are the network outputs of the first and second
pass respectively.

3. Experimental setup
3.1. Dataset

We mainly use the Lip Reading Sentences 3 (LRS3) dataset to
validate our proposed method in this work [29], which is widely
used in many AVSE studies [34-36]. The speech signal is avail-
able at 16kHz, and video is available at 25 frames per second.

We study the following three scenarios in this paper: 1)
Two speakers speak simultaneously, with one being the target
speaker. 2) Two speakers speak simultaneously, with the target
speaker switching from one to the other at a random time. 3)
One speaker speaks for a duration, followed by another speaker,
both of whom are target speakers. An additional interference
speaker overlaps with the target’s speech.

To create the mixture utterances, we first select one utter-
ance as the anchor. The remaining utterances are normalized to
match the energy level of the anchor. Each utterance is then
assigned a random SNR ranging from 10dB to —10dB rela-
tive to the anchor before being combined. We simulate 40, 000,
5,000, and 3, 000 such two-speaker overlapping mixture utter-
ances for our train, validation, and test sets using the original
LRS3 datasets. The speaker and utterances in the test set do
not overlap with the train and validation sets to ensure speaker-
independent analysis.

3.2. Optimization

We use the PyTorch framework to conduct our experiments 2.
All models trained in this work adopt the same optimization set-
ting. We used distributed data-parallel training with four Tesla
16 GB V100 GPUs, the effective batch size is 16. We train the
models for 150 epochs, the Adam [37] optimizer is used with
an initial learning rate of 0.001. The learning rate is reduced
by half if the best validation loss (BVL) does not improve for
6 consecutive epochs, with training stopping early if the BVL
does not improve for 20 consecutive epochs.

4. Results

To evaluate the quality of extracted speech, we use several met-
rics: the improvement in SI-SNR (SI-SNRi) [32], the improve-
ment in SNR (SNRi) [38], the improvement in Perceptual Eval-
uation of Speech Quality (PESQi) [39], and the improvement in
Short-Term Objective Intelligibility (STOIi) [40]. All improve-
ments are calculated relative to the unprocessed multi-talker
speech signals. Higher values indicate better performance. We
use SI-SNRi as our main metric when comparing the results, as
other metrics show similar trends. For clarity, each differently
trained system is assigned a unique system number (Sys).

2The model and training scripts are available at https://
github.com/modelscope/ClearerVoice-Studio
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Table 1: Comparison of visual encoders. Parameters (Param)
are reported in million (m), and multiply-accumulate (MAC) op-
erations is in billion (G) per 1 second input, the lower the better.

Visual Encoder Params (M) MACs (G)
ResNet18 11.2 12.9
ShuffleNetV2 0.9 7.3
BlazeNet64 (Ours) 0.1 2.1

4.1. Comparison on visual encoders

We first compare our visual encoder with baseline visual en-
coders in Table 1 and Table 2. We consider two baselines: the
ResNet18-based visual encoder and the ShuffleNetV2-based vi-
sual encoder, both are state-of-the-art approaches.

In Table 1, we examine the computational efficiency. Our
BlazeNet64 visual encoder stands out with only 0.1 million net-
work parameters, which is significantly smaller compared to the
0.9 million and 11.2 million parameters of the ShuffleNetV2
and ResNet18-based visual encoders, respectively. Moreover,
the BlazeNet64 visual encoder requires considerably less com-
putation, with only 2.1 billion MACs per second of processing,
in contrast to the 7.3 billion and 12.9 billion MACs required by
the ShuffleNetV2 and ResNet18-based encoders, respectively.

In Table 2, we compare the performance of our visual en-
coder with the baselines on the simulated LRS3 dataset. In sys-
tems 1 to 3, where AV-ConvTasNet [4,31] is used as the speaker
extractor, the ResNet18 visual encoder achieves the best over-
all SI-SNRi of 9.2 dB. Our visual encoder closely matches the
ResNet18 visual encoder with an SI-SNRi of 9.1 dB, and sur-
passes the ShuffleNetV2 visual encoder by 0.3 dB. The AV-
ConvTasNet speaker extractor shows suboptimal performance
in the switching target scenario, with a notable drop in SI-SNRi
after the switch. For example, system 3 has an SI-SNRi ‘after’
switching of 8.5 dB, which is 0.7 dB lower than the SI-SNRi
‘before’ switching.

In systems 4 to 6, where AV-SkiM [21] is used as the
speaker extractor, the ResNet18 visual encoder achieves an SI-
SNRi of 9.0 dB, while our visual encoder achieves a similar
SI-SNRi of 9.1 dB. Notably, the AV-SkiM speaker extractor
maintains consistent performance ‘before’ and ‘after’ the target
switch in the switching target scenario, with similar SI-SNRi
values. Across systems 1 to 6, the SI-SNRi in scenarios ‘with-
out’ a target switch is generally higher than in scenarios with
a target switch, due to the longer audio clips providing more
context for speaker extraction.

In systems 7 and 8, we evaluate our visual encoder against
the ResNetl8-based visual encoder under non-causal (offline)
conditions. Both systems achieve an average SI-SNRi of 12.8
dB, which is significantly higher than the performance of causal
models. In systems 9 and 10, we test the impact of reducing
the visual frame rate to 12.5 and 5 frames per second (FPS),
respectively. While this reduction leads to lower computational
costs, the performance drops significantly, indicating that the
reduced frame rates are not worthwhile given the substantial
loss in performance.

4.2. Study on the acoustic encoder

In table 3, we evaluate the effectiveness of our proposed acous-
tic encoder. System 6 serves as the baseline, which does not in-
clude the acoustic encoder, whereas System 12 incorporates our
proposed visual encoder along with the time-frequency-domain
hybrid loss function. The results indicate that System 12 outper-



Table 2: Comparison of our visual encoder with baselines on the LRS3 dataset. We compare its effectiveness with different speaker
(spk.) extractor backbones, causal or non-causal settings, and different visual frame rates (V. FPS). We first report the SI-SNRi in dB,
SNRi in dB, PESQi, and STOIi for ‘all’ the clips, we then report the SI-SNRi in dB for utterance segments ‘before’ the target switch,
‘after’ the target switch, and utterances ‘without’ target switch. The acoustic encoder is not used in these systems.

, ] o SI-SNRi SNRi PESQi STOIi SI-SNRi SI-SNRi SI-SNRi , ‘
Sys  Spk. Extractor Causal V.FPS V. Encoder (all) (all) ll) @ll) (before) (after) (without) Params MACs
1 ResNet18 9.2 95 070 0.7 9.4 8.5 9.9 221 312
2 AV-ConvTasNet v 25 ShuffleNetV2 8.8 9.1 065 0.6 8.9 8.2 9.3 118 256
3 BlazeNet64 (Ours) 9.1 94 068 017 9.2 8.5 9.7 110 208
4 ResNet18 9.0 93 072 0.6 8.7 8.9 9.4 19.1 182
5 v 25 ShuffleNetV2 9.0 93 069 0.17 9.0 8.8 9.5 88 127
6 BlazeNet64 (Ours) 9.1 94 072 017 8.9 8.9 9.7 8.1 7.9
7 AV-SkiM X )5 ResNet18 128 131 108 021 13.1 12.1 13.4 329 237
8 BlazeNet64 (Ours) 128 13.0 109 021 13.1 12.1 13.4 218 13.0
9 12.5 ‘ 6.3 6.6 046  0.12 6.2 5.8 6.8 8.1 6.6
10 v 5 BlazeNet64 (Qurs) 0.0 00 -030  0.00 0.0 -0.1 0.0 8.1 6.0

Table 3: The studies of our proposed acoustic encoder on the LRS3 datasets are detailed in the table. We present results for configura-
tions with (V') and without (X) the acoustic encoder, as well as for systems trained with different loss functions. The SI-SNRi and SNRi
values are reported in dB. All systems evaluated in this table utilize our proposed BlazeNet64 visual encoder. Bolded values highlight

the best results obtained.

. SI-SNRi  SNRi PESQi STOIL SI-SNRi SI-SNRi SI-SNRi
Sys  Spk. Extractor Acoustic Encoder Loss (all) (all) (all) @ll)  (before) (after)  (without) Params MACs
6 AV-SkiM X Ls1.sNR 9.1 94  0.72 0.17 8.9 8.9 9.7 8.1 7.9
11 . Lsnr 9.1 94  0.72 0.17 9.0 8.9 9.4 8.6 8.9
g AVSKIM-A v/ Li+L 100 104 083 018 99 99 105 86 89
13 AV-SkiM X Ly 9.5 9.7 0.75 0.18 9.3 9.5 9.7 8.1 7.9

Table 4: The SI-SNRi (dB) of models trained and evaluated on
the VoxCeleb2 and TCD-TIMIT dataset mixtures.

Sys Model VoxCeleb2 TCD-TIMIT
14 SkiM w/ ResNet18 5.6 9.1

15 SkiM w/ ShuffleNet 5.5 8.5

16  SkiM w/ BlazeNet64 (Ours) 5.6 9.5

17 SkiM w/ BlazeNet64 6.4 110

& acoustic encoder (Ours)

forms System 6 by 0.9 dB in SI-SNRI, despite only a modest in-
crease of 0.5 million parameters and 1 billion MACs. Notably,
while the acoustic encoder is designed to leverage extraction
momentum from past frames, it maintains performance stabil-
ity even in scenarios where the target speaker changes. Specif-
ically, the SI-SNRi values before and after a target change re-
main consistent at 9.9 dB, demonstrating the robustness of the
network in adapting to changes and effectively resetting the ex-
traction momentum.

We employed the PARIS [28] training strategy for our au-
toregressive acoustic encoder. However, instead of the SNR loss
function used in the original PARIS paper, we utilized the time-
frequency-domain hybrid loss function (L1 + L) for training.
In our evaluation, System 11 represents a baseline trained with
the SNR loss function alongside the acoustic encoder. It is ob-
served that System 11 performs comparably to System 6, which
is trained using SI-SNR, and does not surpass our proposed Sys-
tem 12. This result aligns with the general finding that systems
trained with the SNR loss function typically do not achieve the
same level of performance as those trained with the SI-SNR loss
function. Conversely, our proposed System 12, which integrates
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SI-SNR loss with a frequency domain loss to regulate the output
signal energy, demonstrates superior effectiveness.

We also present system 13 as an ablation study, which does
not employ the acoustic encoder but is trained using the time-
frequency-domain hybrid loss function £4, it has SI-SNRi of
9.5 dB, which is better than system 6 but not better than system
12, showing the effectiveness of our acoustic encoder.

4.3. Comparison on more datasets

In Table 4, we compare our model and baselines on the Vox-
Celeb2 [41] and TCD-TIMIT dataset [42], where the simulated
mixtures are from [31]. On both dataset, our system 16 per-
forms comparably or outperforms baseline systems 14 and 15
in terms of SI-SNRi. Our system 17 with an acoustic encoder
performs the best with SI-SNRi of 6.4 dB and 11.0 dB on Vox-
Celeb2 and TCD-TIMIT mixtures, respectively.

5. Conclusion

In conclusion, this work presents a significant advancement in
online audio-visual speaker extraction by addressing both com-
putational efficiency and performance. The proposed visual en-
coder, with its lightweight design and efficient processing, pro-
vides a competitive alternative to the more complex visual en-
coder. The novel acoustic encoder, leveraging past frame infor-
mation, effectively enhances the extraction process, and is ro-
bust to the dynamic scenarios involving target speaker changes.
Overall, our approach demonstrates strong performance across
various metrics with practical advantages in terms of computa-
tional efficiency for real-time applications in multi-talker envi-
ronments.
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